Abstract. Recent Cosmic Microwave Background (CMB) observations indicate that the temperature anisotropies arise from quantum fluctuations in the inflationary scenario. In the simplest inflationary models, the distribution of CMB temperature fluctuations should be Gaussian. However, non-Gaussian signatures can be present. They might have different origins and thus different statistical and morphological characteristics.
Introduction
The search for non-Gaussian signatures in the Cosmic Microwave Background (CMB) temperature fluctuation maps furnished by MAP 1 , and to be furnished by PLANCK 2 , is of great interest for cosmologists. Indeed, the non-Gaussian signatures in the CMB can be related to very fundamental questions such as the global topology of the universe , super string theory, topological defects such as cosmic strings (Bouchet et al., 1988) , and multi-field inflation (Bernardeau and Uzan, 2002) . The non-Gaussian signatures can, however, have a different but still cosmological origin. They can be associated with the Sunyaev-Zel'dovich (SZ) effect (Sunyaev and Zeldovich, 1980 ) (inverse Compton effect) of the hot and ionised intra-cluster gas of galaxy clusters Cooray, 2001) , with the gravitational lensing by large scale structures (Bernardeau et al., 2003) , or with the reionisation of the universe Castro, 2003) . They may also be simply due to foreground emission (Jewell, 2001 ), or to non-Gaussian instrumental noise and systematics (Banday et al., 2000) .
It has now become clear that the detection of non-Gaussian signature is important and feasible (e.g. (De Troia et al., 2003; Komatsu et al., 2003) ). Nevertheless, even if a non-Gaussian signal is detected the question of its origin might still be posed (e.g. (Banday et al., 2000) ). Hence, it remains to separate between several non-Gaussian con-
tributions. This is the most crucial issue for the use the non-Gaussian signatures as cosmological tools.
It is therefore not surprising that a large number of studies have recently been devoted to the subject of the detection of non-Gaussian signatures. Many approaches have been investigated such as the Minkowski functionals and the morphological statistics (Novikov et al., 2000; Shandarin, 2002) , the bispectrum (Bromley and Tegmark, 1999; Verde et al., 2000; Phillips and Kogut, 2001) , the trispectrum (Kunz et al., 2001) , or wavelet transforms Forni and Aghanim, 1999; Hobson et al., 1999; Barreiro and Hobson, 2001; Cayón et al., 2001; Jewell, 2001 ).
Different wavelet methods have been studied, such as theà trous algorithm (Starck et al., 1998) and the bi-orthogonal wavelet transform (Mallat, 1998) .
A series of recent papers (Candès and Donoho, 1999a; Candès and Donoho, 1999b; , however, argued that wavelets and related classical multi-resolution techniques are based on a limited dictionary made up of roughly isotropic elements present at all scales and locations. We view as a limitation the fact that those dictionaries do not exhibit highly anisotropic elements and that there is only a fixed number of directional elements, independent of scale. Despite the success of the clas-sical wavelet viewpoint, there are objects, such as filamentary structures or cosmic strings, that do not exhibit isotropic scaling and thus call for other kinds of multiscale representations. Following this, new multi-scale systems like curvelets and ridgelets (Candès and Donoho, 1999b) have been introduced which are very different from waveletlike systems. Curvelets and ridgelets take the form of basis elements which exhibit very high directional sensitivity and are highly anisotropic. In two dimensions, for instance, curvelets are localised along curves, in three dimensions along sheets, etc.
The goal of the present study is to compare these new multi-scale representations to standard wavelet methods on a set of simulated maps representing two generic families of non-Gaussianities (spherical-like and string-like sources), and to answer the following questions:
1. Are there multi-scale methods that are better suited to detect the non-Gaussian signatures in CMB data?
2. Can we go beyond the detection and extract some information about the nature of the non-Gaussian signal?
The second point is particularly important and it will represent the heart of our present study. A non-Gaussian character can be due to many effects: Topological defects, the SZ effect, calibration problems, or even a combination of them. Here, we perform a study based on the idea that a given multi-scale transform is optimal to detect features which have the shape of its basis elements (this is quite similar to the matched filter approach). Consequently, if different multi-scale methods are able to detect a non-Gaussian signal, one of them will outperform the others since the shape of the non-Gaussian features contained in the data will be close to its basis elements. In particular, using waveletlike systems and curvelet and ridgelet-like systems, we expect to differentiate between the spherical-like and string-like sources of non-Gaussianity.
Sections 2 and 3 briefly review the different transforms and simulated maps considered in our analysis. We present the analysis together with our main results in section 4 and discuss them in section 5. We provide the main conclusions in section 6.
Multi-scale transforms

Bi-orthogonal wavelet transforms
The most commonly used wavelet transform algorithm is the decimated bi-orthogonal wavelet transform (OWT). Using the OWT, a signal s can be decomposed as follows:
with φ j,l (x) = 2 −j φ(2 −j x − l) and ψ j,l (x) = 2 −j ψ(2 −j x − l), where φ and ψ are respectively the scaling and the wavelet functions. J is the number of resolutions used in the decomposition, w j the wavelet coefficients (or details) at scale j, and c J is a coarse or smooth version of the original signal s. The present indexing is such that j = 1 corresponds to the finest scale (high frequencies).
The two-dimensional algorithm is based on separate variables leading to prioritising of horizontal, vertical and diagonal directions. The scaling function is defined by φ(x, y) = φ(x)φ(y), and the detail signal is obtained from three wavelets:
which leads to three wavelet sub-images at each resolution level. A given wavelet band is therefore defined by its resolution level j (j = 1 . . . J) and its direction number d (d = 1 . . . 3, corresponding respectively to the horizontal, vertical, and diagonal band).
The OWT presents only a fixed number of directional elements independent of scales, and there are no highly anisotropic elements (Candès and Donoho, 1999a) . For instance, the Haar 2D wavelet transform is optimal to find features with a ratio length/width = 2, and a horizontal, vertical, or diagonal orientation. Therefore, we naively expect the OWT to be optimal for detecting mildly isotropic or anisotropic features.
The isotropicà trous wavelet transform
Theà trous wavelet transform algorithm decomposes an n × n image I as a superposition of the form
where c J is a coarse or smooth version of the original image I and w j represents 'the details of I' at scale 2 −j (see Starck et al.(1998; 2002) for more information). Thus, the algorithm outputs J + 1 sub-band arrays of size n × n. (The present indexing is such that j = 1 corresponds to the finest scale (high frequencies)).
Hence, we have a multi-scale pixel representation, i.e. each pixel of the input image is associated with a set of pixels of the multi-scale transform. This wavelet transform is very well adapted to the detection of isotropic features, and this explains its success for astronomical image processing, where the data contain mostly isotropic or quasi-isotropic objects, such as stars, galaxies or galaxy clusters.
The ridgelet transform
The two-dimensional continuous ridgelet transform in R 2 can be defined as follows (Candès and Donoho, 1999a) . We pick a smooth univariate function ψ : R → R with sufficient decay and satisfying the admissibility condition
which holds if, say, ψ has a vanishing mean ψ(t)dt = 0. We will suppose that ψ is normalised so that |ψ(ξ)| 2 ξ −2 dξ = 1.
For each a > 0, each b ∈ R and each θ ∈ [0, 2π], we define the bivariate ridgelet
Given an integrable bivariate function f (x), we define its ridgelet coefficients by:
We have the exact reconstruction formula
valid for functions which are both integrable and square integrable.
It has been shown (Candès and Donoho, 1999a) that the ridgelet transform is precisely the application of a 1-dimensional wavelet transform to the slices of the Radon transform.
Local ridgelet transform
The ridgelet transform is optimal to find only lines of the size of the image. To detect line segments, a partitioning must be introduced. The image is decomposed into smoothly overlapping blocks of side-length B pixels in such a way that the overlap between two vertically adjacent blocks is a rectangular array of size B × B/2; we use an overlap to avoid blocking artifacts. For an n×n image, we count 2n/B such blocks in each direction.
The partitioning introduces redundancy, as a pixel belongs to 4 neighboring blocks.
More details on the implementation of the digital ridgelet transform can be found in 2003) . The ridgelet transform is therefore optimal to detect lines of a given size, which is the block size.
The curvelet transform.
The curvelet transform (Donoho and Duncan, 2000; Starck et al., 2003) opens the possibility to analyse an image with different block sizes, but with a single transform. The idea is to first decompose the image into a set of wavelet bands, and to analyse each band with a local ridgelet transform. The block size can be changed at each scale level.
Roughly speaking, different levels of the multi-scale ridgelet pyramid are used to represent different sub-bands of a filter bank output.
The side-length of the localising windows is doubled at every other dyadic sub-band, hence maintaining the fundamental property of the curvelet transform, that elements of length about 2 −j/2 serve for the analysis and synthesis of the j-th sub-band [2 j , 2 j+1 ].
Note also that the coarse description of the image c J is not processed. In our implementation, we used the default block size value B min = 16 pixels. This implementation of the curvelet transform is also redundant. The redundancy factor is equal to 16J + 1 whenever J scales are employed. A given curvelet band is therefore defined by the resolution level j (j = 1 . . . J) related to the wavelet transform, and by the ridgelet scale r.
This method is optimal to detect anisotropic structures of different lengths.
Statistics from the multi-scale coefficients
Many kinds of statistics can be derived from the multi-scale coefficients . In the following we use the kurtosis of the coefficients obtained by the previously described multi-scale transforms. Several aspects have however to be considered.
The border problem
Wavelet coefficients have been obtained by convolution with filters, and coefficients close to the border of the image have therefore been calculated using an extrapolation and should not be used when calculating the excess kurtosis. For the bi-orthogonal wavelet transform, we use the 7/9 filter, which implies that coefficients at a distance from the border smaller than three must not be taken into account. Forà trous wavelet coefficients at scale j, the distance is 2 j (because it is an undecimated wavelet transform). For the same reasons, border blocks in the ridgelet and the curvelet transforms must also not be used.
Renormalisation of the ridgelet and the curvelet coefficients
When using the ridgelet and the curvelet transforms, another problem occurs. Indeed, as a coefficient is obtained by integrating along a given direction, the expectation value of a coefficient depends on both the direction and the position of the line. For example, coefficients relative to diagonal directions integrate more values than those relative to horizontal and vertical directions. A renormalisation is needed. After applying the ridgelet transform independently to all blocks, we obtained a set of N t transform blocks T i (a, b, θ)
, and for each scale, orientation and position (a, b, θ), we extract the vector
leads to a good renormalisation, but it is not our case, (cosmological signals are not stationary) and we therefore use a robust estimator, MAD (Median Absolute Deviation), defined by MAD(x) = median(| x |)/0.6745 (Rousseeuw and Croux, 1993) . Hence, we normalise the ridgelet coefficients by the following expression:
For the curvelet transform, this renormalisation is performed independently on each scale.
Simulated astrophysical signals
The temperature anisotropies of the CMB contain the contributions of both the primary cosmological signal, directly related to the initial density perturbations, and the secondary anisotropies. The latter are generated after matter-radiation decoupling (White and Cohn, 2002) . They arise from the interaction of the CMB photons with the neutral or ionised matter along their path (Sunyaev and Zeldovich, 1980; Ostriker and Vishniac, 1986; Vishniac, 1987) .
In the present study, we assume that the primary CMB anisotropies are dominated by the fluctuations generated in the simple single field inflationary Cold Dark Matter model with a non-zero cosmological constant. The CMB anisotropies have therefore a Gaussian distribution. We allow for a contribution to the primary signal from topological defects, namely cosmic strings (CS), as suggested in (Bouchet et al., 2002) . In addition, we take into account the secondary anisotropies due to the kinetic Sunyaev-Zel'dovich (SZ) effect (Sunyaev and Zeldovich, 1980) . The SZ effect represents the Compton scattering of the CMB photons by the free electrons of the ionised and hot intra-cluster gas. When the galaxy cluster moves with respect to the CMB rest frame, the Doppler shift induces additional anisotropies; this is the so-called kinetic SZ (KSZ) effect. As the latter fluctuations have the same spectral signature as the primary, we add the two signals directly. The kinetic SZ maps are simulated following Aghanim et al (2001) . We use for our simulations the cosmological parameters obtained from the WMAP satellite (Bennett et al., 2003) and a normalisation parameter σ 8 = 0.9. Finally, we obtain the so-called "simulated observed map", D, that contains the three previous astrophysical components. It is obtained from D = √ αCMB + √ 1 − αCS + KSZ, where CMB, KSZ and CS are respectively the CMB, the kinetic SZ and the cosmic string simulated maps. α = 0.82 is a constant derived by (Bouchet et al., 2002) . All the simulated maps have 500 × 500 pixels with a resolution of 1.5 arcminute per pixel. Apart from the dominant inflationary component which is Gaussian, all the other contributions are non-Gaussian. However, KSZ and CS have different characteristics as the KSZ and CS induce respectively spherical-like and string-like structures in the CMB. In order to illustrate how difficult the task of detecting and separating different non-Gaussian signatures is, we show in Fig. 1 a set of simulated maps. Primary CMB, kinetic SZ and cosmic string maps are shown respectively in Fig. 1 top left, top right and bottom left. The "simulated observed map", containing the three previous components, is displayed in Fig. 1 
Analysis and results
Sky component multi-scale analysis.
On each of the three sets of maps (i.e. CMB, CS and KSZ), we have first run the following multi-scale methods:
-à trous wavelet transform.
-bi-orthogonal wavelet transform, using the standard 7/9 filter (Antonini et al., 1992 ).
-local ridgelet transform with a block size equal to 16 pixels.
-local ridgelet transform with a block size equal to 32 pixels.
-curvelet transform with a block size equal to 16 pixels.
This processing has been repeated on 100 CMB and 100 KSZ simulated maps and on the three available CS maps. In order to estimate the sensitivity of each transform to the different types of non-Gaussian signatures associated with the different components individually (sharp edges for CS and point sources for KSZ), we have calculated the mean excess kurtosis (fourth moment) and its standard deviation on each individual resolution level. In this analysis, we do not present the skewness (third moment) since we do not expect the KSZ signal to be "skewed" (Da Silva, 2002) . The comparison of the transforms on the basis of this non-Gaussian estimator in our case would be meaningless. We derive from the ensemble of K a obtained on the CMB maps the mean kurtosis valueK a (b) and the standard deviation σ K (b). Table 1 gives the maximum value ofK a (b) (among all bands), its associated scale and the standard deviation (columns 1, 2, and 3). It also gives the maximum value for the ratioK a (b)/σ KG , where σ KG is the standard deviation of the kurtosis in the Gaussian set of maps, as well as the associated scale (columns 4 and 5). The same treatment is applied on the KSZ and the CS components.
The results are respectively given in Tables 2 and 3. As it was expected, theà trous algorithm is better suited to detect isotropic features such as the "quasi-spherical" KSZ anisotropies due to galaxy clusters. Indeed, we note from Table 2 that the multi-scale excess kurtosis for KSZ is largest when using theà trous algorithm. Unexpectedly though, the multi-scale excess kurtosis for CS (Table 3) is largest when using the bi-orthogonal wavelet transform whereas the excess kurtosis from the ridgelet and the curvelet transforms show that both transforms seem not that well adapted to test the CS non-Gaussian signatures. An explanation for this behaviour is that the CS (see Fig. 1 ) presents not only elongated structures and sharp edges, but also a large number of spots and spherical-like structures along the edges and at the intersection of edges, which contribute significantly to the non-Gaussian character. These spots are very well detected by the wavelets.
Testing the sensitivities to Gaussian+non-Gaussian signals
In this section, we study the relative sensitivity of the different multi-scale transforms to the two families of different non-Gaussian characters when the signals are added to a dominant Gaussian noise, i.e. the primary CMB. We use three datasets i . This allows us to calculate a normalised mean kurtosis given by:
We give in Tables 5, 4 and 6 the results in terms of the maximum values for illustration.
Complete Tables can be found in the Appendix for the three datasets
and D (3) . The first three columns represent maximumK a , standard deviation and associated scale. The last two columns give the maximum normalised mean kurtosis and associated scale.
From Tables 4, 5 and 6, we note that:
-Whatever the transform, it is at the first resolution level that the non-Gaussian character is the best detected.
-The third band of the bi-orthogonal wavelet transform (i.e. diagonal details of the first wavelet scale) is generally the best for detecting non-Gaussian signatures in the CMB, even if the structures are isotropic and spherical-like (see previous section).
-The most important result is that the normalised mean kurtosis of the ridgelets is compatible with 0 in the case CMB+KSZ whereas it is non-zero in the case CMB+CS.
Moreover, it conserves the same value in the case CMB+SZ+CS. For the normalised mean kurtosis of the curvelets there is a non-zero value for the CMB+KSZ signal but it is almost 20 times smaller than in the cases CMB+CS and CMB+SZ+CS.
The first remark is related to the relative contributions of the different astrophysical components. The primary CMB dominates over the other components except at the first decomposition (or wavelet) scale as can be seen from figure 2. At this scale corresponding typically to 3 arcminutes, the contribution from the SZ effect and the CS is of the order of, or dominates, the primary CMB. The non-Gaussian signatures introduced by both KSZ and CS are thus easier to detect at this scale. It is worth noting however, that the nonGaussian character remains detectable at larger scales (second and third decomposition scales).
The second point was already mentioned in Aghanim and Forni(1999) . In the previous section we have shown that the spherical-like sources of non-Gaussianity were better detected by theà trous transform when they are not mixed with a dominant Gaussian signal (the CMB here). This property is not conserved when the quasi-spherical nonGaussianities such as the KSZ effect are added to the primary CMB. The reason why the so-called diagonal details are more sensitive than the other tests is the following: In the Fourier domain, we note R(u, v) = u,v) , the Signal-to-Noise ratio (SNR), where S is the power spectrum of the non-Gaussian signal and C is the power spectrum of the primary CMB (Gaussian signal in our case). As the CMB power spectrum is isotropic,
. When ρ = √ u 2 + v 2 increases, the SNR increases, which explains why the first wavelet scale presents the highest sensitivity to the non-Gaussian features. Additionally, it becomes clear that R(u, v) is higher for u = v = N/2 rather than for u = 0 and v = N/2 or u = N/2 and v = 0, which implies that the diagonal band (or details) is more sensitive than horizontal and vertical bands, and confirms the results described in Aghanim and Forni (1999) .
The third point is undoubtedly the most important result of this comparison. It shows that the normalised mean kurtosis of the ridgelets is able to highlight the non-Gaussian character of the CS buried in the CMB Gaussian signal with a mixing ratio of 0.18 (in power). The normalised mean kurtosis of the ridgelets are sensitive only to the stringlike non-Gaussianities. The numbers are the same for the CMB+CS and CMB+SZ+CS cases and there is no detection in the CMB+KSZ. A similar behaviour is also noticeable for the normalised mean kurtosis of the curvelets. In this case, there is a detection of the non-Gaussian character associated with the KSZ effect which is one order of magnitude smaller than in the case of CMB+SZ+CS. These behaviours discussed at the first decomposition scale are true for larger scales (j = 2).
From this last remark, we already see that we have found a family of multi-resolution transforms, namely anisotropic based-systems (ridgelets and curvelets) that are sensitive to a unique family of non-Gaussian signatures, namely the string-like structures. In the following section, we propose a strategy based on our results to discriminate between spherical-like and string-like contributions to the non-Gaussian signatures.
Discriminating between the non-Gaussian signatures
If a non-Gaussian signature is detected in the CMB by a given method, it can be due to calibration problems or to several astrophysical components such as KSZ or CS.
Therefore, an excess kurtosis may be very difficult to interpret in terms of its origin.
While some limits can be put on the excess due to instrumental or calibration problems, the discrimination between astrophysical components is not obvious.
We investigate in this section a method by which the use of several multi-scale transforms helps us in understanding the nature of the detected non-Gaussian features. In particular, we focus on the possibility to discriminate the case 'CMB+SZ' from the case 'CMB+SZ+CS'. From tables 4, 5 and 6, we can easily see that the wavelet transforms are sensitive to both the KSZ and the CS, while the ridgelet transform and the curvelet transform are not or are less sensitive to the KSZ. However, the numbers we obtain for the normalised mean excess kurtosis are of the order of a few in the best cases. It is thus important to find a better estimator of the non-Gaussian signatures. We require an estimator that enhances the signal to noise ratio. The product of the normalised kurtosis obtained by two different transforms is a promising approach for our problem. We note K AT , K CUR , K R16 , K R32 the normalised kurtosis using theà trous wavelet transform, the curvelet transform, the ridgelet transform with a block size equal to 16 and the ridgelet transform with a block size equal to 32 respectively. Table 7 gives such products. The first column indicates the two band numbers used, the last three columns give the value of the product for the cases CMB+CS, CMB+SZ and CMB+SZ+CS respectively. We have given illustrative values. The whole set of values can be found in the Appendix (Table 11) .
A significant detection of non-Gaussianity by the product of wavelet-like and curveletlike transforms must rely on comparable bands. More specifically, the curvelet bands noted (j, r) for which j and r are too different, are meaningless by construction. Moreover, for the largest decomposition levels, the number of coefficients are small and the results are thus more sensitive to sample variance.
We see from these values that the product of the normalised kurtosis of the wavelet transform (here theà trous transform for illustration 3 ) by normalised kurtosis of the curvelet transform clearly discriminates between the case CMB+SZ and CMB+SZ+CS. This is true up to the second decomposition scale. Table 7 . Product of the normalised excess kurtosis. 
Kurtosis product bands CMB+CS CMB+SZ CMB+SZ+CS
Discussion
We tackle the problem of the separation between different sources of non-Gaussian signatures. We are not yet able to identify the exact contribution of the different effects but rather we detect that there are two families of non-Gaussian features.
In "real-life" we will of course be a priori unable to separate perfectly the two contributions, KSZ and CS, from the primary CMB. Tables such as Table 7 will therefore only contain the numbers associated with the case CMB+CS+KSZ and no relative detection will be made. However, the simulations allow us to calibrate the method. We show ( Table 7) that there can be orders of magnitudes of difference in terms of the products of normalised kurtosis between cases where CS are present and cases where they are not.
We can therefore conclude from our study that whenever the product of the normalised kurtosis from the wavelets and from the curvelets (or ridgelets) are of the order of a few this indicates that string-like non-Gaussian features are present in the total signal. A larger number would allow us to fully characterise the non-Gaussian properties of the signals and to calibrate the method.
At this stage, the precise effects of the instrumental noise and of the beam convolution are not taken into account and performing such an analysis is beyond the scope of our study. However, the non-Gaussian signals are detected not only at the first decomposition scale but also at larger scales (up to j = 3). The beam convolution is likely to affect the first and second scale but present and future instruments (Planck, ACT, SPT, ACBAR)
will have better angular resolution and the beam effects are likely to be less important.
As for the noise, if we assume it Gaussian (which is the case in most studies) it will make the non-Gaussian signatures more difficult to detect by reducing the overall signal to noise ratio. However, the numbers presented in Table 7 show that the detection of CS is quite significant and we do not expect it to vanish if white noise is added unless the noise has similar features as a CS. More generally, in the case of any systematic effect exhibiting anisotropic structures our method will detect them without a priori being able to disentangle their origin from a cosmological origin like the CS.
In this analysis, we present only the excess kurtosis as an estimator of non-Gaussianity.
We perform a comparison of the multi-scale transforms and of their sensitivity to the signals on the basis of the non-Gaussian character to highlight different contributors.
Since we do not expect the KSZ signal to be "skewed", a comparison based on the skewness (third moment) would be meaningless. As expected, our simulations have shown that the skewness is indeed not as sensitive as the kurtosis.
Conclusion
In the present study, we have tested the relative sensitivities of the commonly used multi-scale transforms to the detection of non-Gaussian signatures in CMB maps. We have used simulated maps of the primary anisotropies (assumed to be Gaussian) and we have taken into account the contributions from the kinetic SZ effect and the topological defects (cosmic strings); each of them represents one family of non-Gaussian contributors (spherical-like and string-like). The main results are:
-the bi-orthogonal wavelet transform is the most sensitive to the non-Gaussian signatures associated with cosmic strings buried in the primary Gaussian CMB signal.
-The ridgelet and curvelet transforms are well adapted to discriminate between stringlike and quasi-spherical like non-Gaussian features.
In order to study the non-Gaussian signatures in the CMB and use them as a cosmological tool to probe the early universe or the cosmic structures, it is not sufficient to detect them accurately. The most important step is to be able to separate the different contributions to the signal. In this context, we clearly show that not only one method should be applied but rather a set of different robust and well understood methods.
In the present study, we use several multi-scale transforms: The isotropic wavelet transforms suited for spherical-like sources of non-Gaussianity, and a curvelet transform representing well sharp and elongated structures. Each provides an adapted non-Gaussian estimator, namely the normalised mean excess kurtosis. We show that the combination of these transforms through the product of the normalised mean excess kurtosis of isotropic wavelet transforms by normalised mean excess kurtosis of curvelet transforms highlights the presence of the cosmic strings in a mixture CMB+KSZ+CS. Such a combination gives information about the nature of the non-Gaussian signals. Even though the detection power of the non-Gaussian character by the ridgelets and curvelets is not important compared to that of the wavelet, their sensitivity to a particular shape makes them a very strong discriminating tool. This is a first step towards the separation of the statistical contributions to the CMB signal and it can help in the more general context of component separation. Table 8 . Table 9 . 
